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Abstract—A UAS-based disaster management method has been
adopted to monitor the disaster impact and protect human lives
since it can be rapidly deployed, execute an aerial imaging
mission, and provide a cost-efficient operation. In the case of
a wildfire disaster, a disaster management is highly complex
because of large-scale wildfires that can occur simultaneously
and disjointly in a large area. In order to effectively manage
these large-scale wildfires, it requires multiple UAS with multiple
ground stations. However, conventional UAS-based management
methods relies on a single ground station that can have a
limitation to handle the large-scale wildfire problem. This paper
presents a new path-planning framework for UAS operations
including a fleet of UAVs and multiple ground stations. The
framework consists of two parts: creating coverage paths for each
wildfire and optimizing routes for each UAV. To test the developed
framework, this paper uses representative wildfire scenarios in
the State of California.
I. INTRODUCTION
Recently, unmanned aircraft systems (UAS) have become
a promising technology to execute high-risk missions such as
monitoring natural disasters and nuclear explosions because of
an advanced compact and energy-efficient system. Particularly,
the use of UAS is suitable to monitor wildfire that requires
fast-response for predicting the future direction of motion
of a wildfire and its impact. There are two typical mis-
sions for wildfire monitoring: high-altitude disaster monitoring
(HADM) and low-altitude fire perimeter monitoring (LAFPM)
[1], [2]. The high-altitude disaster monitoring collects com-
prehensive information in an entire wildfire area to analyze
its intensity and damages. The low-altitude fire perimeter
monitoring observes the rate of its spread in a real-time
manner.
The mission management for both wildfire monitoring mis-
sions recently has actively been researched. In the LAFPM
mission, Casbeer et al. [3] introduced a decentralized multiple-
UAV concept for tracking the propagation of large forest fires
that minimizes the information latency and the frequency of
update. Phan and Liu [4] proposed the concept of a cooperative
forest fire observation with three-layered hierarchical vehicle
platforms with a blimp, UAVs, and rovers. For the coordi-
nation of the observation task, the paper applies an integer
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linear programming. Pham et al. [5] suggested the distributed
wildfire monitoring management algorithm using a potential
field technique for the observation of a dynamic fire trend.
Bailon-Ruiz et al. [6] presented the planning algorithm based
on a generic variable neighborhood search method to observe
spreading wildfires.
The HADM mission is associated with large-scale tasks
such as the Western States Fire Mission which provides 24-
hour coverage of fires [1], [2]. The HADM mission planning
resembles a coverage path planing (CPP) to scan multiple dis-
joint areas, which builds an optimal coverage route to scan all
the disjoint areas [7]. A limitation of these approaches cannot
handle large disjoint areas since the optimization framework,
a travelling salesman problem (TSP), only considers a single
UAV operation. To resolve this limitation, the optimization
framework for a multi-UAVs path-planning should be consid-
ered to completed the large disjoint areas.
This paper focuses on the HADM problem and introduces a
novel multi-UAS path-planning algorithm to monitor multiple
and large-scale wildfires. To capture a practical UAS operation,
it considers multiple ground stations where UAS are poten-
tially deployed. For the optimal path-planning, we combine
an exact CPP method and a multi-depot vehicle routing prob-
lem (MDVRP) model that generates computationally efficient
monitoring solution through decomposing simpler problems.
This paper is organized as follows: Section II presents
the framework for a large-scale wildfire scanning mission
with descriptions for each step. Section III shows results of
numerical simulations through demonstrating actual wildfire
examples occurred in the State of California. This paper ends
with conclusions in Section IV.
II. A FRAMEWORK FOR A UAS-BASED WILDFIRE
SCANNING MISSION
Solving VRP is an NP-hard problem that exponentially
increases computation time as its problem size increases. In a
large-scale wildfire scanning mission, if it has multiple disjoint
wildfires with large area, it is easily not solvable because of
the complexity. To overcome this computational issue, we
proposes a new method that makes more computationally
favorable through dividing into two subproblems as shown in
Fig. 1: Coverage path-planning and operational planning. The
coverage path-planning simply generates actual flight coverage
path of each wildfire. The operational planning builds the
optimal path that defines the best sequence visiting all the
wildfires. This approach can significantly reduce the problem
Fig. 1. Notional decomposition of the large-scale scanning mission
size of the optimization model compared to solving the entire
problem at once.
A. Coverage path planning for Dubins vehicles
The coverage path planning (CPP) methods for aerial imag-
ing missions have been proposed diverse approaches [8]–
[11]. The notable CPP methods can be categorized into three
groups: a classical exact method, a wavefront-based method,
and a vehicle-routing-based method [11]. The classical exact
method creates a Back and Forth Pattern (BFP) path to cover
a scanning area, the wavefront-based method applies a wave
propagation function that assigns a value of each grid cell and
generates a route based on those values. The vehicle-routing-
based method formulates an optimization problem that can
handle multi-UAV operations to scan a scanning area.
For a HADM mission, high-altitude long-endurance
(HALE) UAVs are preferred [2] because typical HADM mis-
sions require a long endurance vehicle. This paper assumes
that a UAV has a long-endurance platform that can fully
observe at least one target area. This assumption allows to
create a coverage path of a single UAV for each area by a
classical exact method which is faster than other methods
because the BFP can be directly utilized without requiring
additional computation power to build a trajectory. Thus, this
paper utilizes a classical exact method to build a scanning path
for each wildfire. The readers interested in the CPP methods
may refer the extensive surveys of Galceran and Carreras [12]
and Khan et al. [13].
In the CPP problems, minimizing the number of turns is
critical to reducing the total mission time or the total energy
[14]. The classical exact methods of the CPP decrease the
number of turns on their routes by creating the BFP path along
the optimal line-sweep direction of the area of interest (AOI).
The line-sweep direction of a convex area is determined by a
diameter function which is its height in a reference coordinate
system calculated by rolling the area. The line-sweep direction
having a minimum of the diameter function of a convex area
guarantees the minimum number of turns on the BFP route
along the direction [14].
As a notional example, let us consider a convex hull









(b) Coverage path along an optimal line-sweep direction (20
turns)
Fig. 2. The effect of a line-sweep direction on creating a coverage path
coordinate system of the whole AOI could be utilized for
all target areas. Then, every subarea has the same coordinate
system. Figure 2a shows a coverage path built by grid cells
defined in a reference coordinate system consisting of a hori-
zontal and a vertical lines. When employing an optimal line-
sweep direction for each subarea, a local coordinate system
consisting of a line of the direction and a perpendicular line
should be created for each subarea. Then, a coverage path
built by grid cells defined in the local coordinate system has
the number of turns less than or equal to a coverage path in a
reference coordinate system as illustrated in Fig. 2b. Note that
if a convex hull is not symmetric in terms of its line-sweep
direction, the total length of a coverage path depends on its
initial scan direction while the paths have the same number of
turns. For these cases, we select the shorter path to scan the
convex hull created by an AOI.
The BFP path created by classic CPP methods may include
sharp turns that occur at a point. To address more realistic turn
performance of fixed wing UAVs, the UAVs are considered as
Dubins vehicles having a kinematic model as follows:
ẋ = V cos θ (1)








(b) Turns of a Dubins vehicle having not enough turning perfor-
mance
Fig. 3. The effect of turning performance on turns of a Dubins’ vehicle
θ̇ = u, (3)
where (x, y) is its position, V is the speed, θ is the heading
angle, and u is the minimum turning radius or the maximum
curvature of the vehicle. Dubins [15] proves that the optimal
path between two points constrained by vehicle’s heading
angle and minimum turning radius has at most CLC or CCC
patterns, where C is a turn with its minimum turning radius,
and L is a straight line. Johnson [16] and Boissonnat et al.
[17] show the same result with control theory.
To address the properties of Dubins vehicles, Dubins paths
are built for each pair of two turning points where the scanning
direction is changed. The turn performance of UAVs has an
effects on a length of curve for turning as illustrated in Fig. 3.
If the turn performance of UAVs is not enough to turn between
two waypoints, the turn motion requires extra flight time and
energy. In this case, reducing the number of turns could be
more significant to minimize flight time and energy.
B. Formulations for operational planning
The operational planning is conducted with a simplified
flight network that does not consider all the complex low-level
flight network. The new network for the operational planning
includes two points, mission start/end locations resulting from
(a) Step 1: finding starting/ending point of each coverage
path
(b) Step 2: creating a flight network as an input of the
MDVRP model
Fig. 4. The modeling of mission areas by a graph
(a) ConOps for the VRP (b) ConOps for the MDVRP
Fig. 5. The effect of vehicle routing formulations on a ConOps
the CPP result, for each target area as shown in Fig. 4a. The
new flight network simply connects between a GS and a mis-
sion start/end to generate initial potential paths as illustrated
in Fig. 4b. In this way, the complexity of initial flight network
can significantly reduce; the complexity relies on the topology
of the flight network.
The operational planning should consider the concept of op-
erations and the vehicle constraints from UAVs characteristics.
To introduce the mathematical formulation of the operational
planning, we assume two conceptual examples of a 6-wildfire
monitoring mission as shown in Fig. 5: single-GS and multi-
GS. In the single-GS scenario with a single UAV, it can be

























































Ddkij xdkij = 0 (∀i ∈ NM ,∀d ∈ ND,∀k ∈ Vd) (12)
ydkdj = Ddkdj xdkdj (∀j ∈ NND,∀d ∈ ND,∀k ∈ Vd) (13)
ydkij ≥ (Ddkdi +Ddkij )xdkij (∀i ∈ NNA,∀j ∈ NND,∀d ∈ ND,∀k ∈ Vd) (14)
ydkij ≤ (Rdk −Ddkj(d+|D|))x
dk
ij (∀i ∈ NNA,∀j ∈ NND,∀d ∈ ND,∀k ∈ Vd) (15)
ydki(d+|D|) ≤ R
dkxdki(d+|D|) (∀i ∈ NNA,∀d ∈ ND,∀k ∈ V
d). (16)
the single-GS scenario with multiple UAVs, a vehicle routing
problem (VRP) is typically applied, which is depicted in Fig.
5a. The VRP is a generalized form of the TSP. In the multi-
GS scenario with multiple UAVs shown in Fig. 5b, we can
implement the multi-depot vehicle routing problem (MDVRP)
that optimizes the deployment locations of UAVs and their
routes. The MDVRP can have a benefit of having operating
cost because UAVs can be deployed the GS closed to the
wildfire, and the total mission time and the usage of the
number of UAVs can significantly reduce. Because of these
benefits, this paper applies the MDVRP to address the wildfire
management problem.
To address a generalized delivery system having multiple
depots and vehicles, the MDVRP is formulated as a variant of
the VRP [18], [19]. In UAS-based applications, the formula-
tions of the MDVRP are used to consider several GSs, which
are potential UAV depots, in a post-earthquake assessment
mission [20]. The readers interested in the MDVRP could refer
the comprehensive survey conducted by Montoya-Torres et al.
[21].
To address the MDVRP formulation, we extend the op-
timization model based on the distance-constrained VRP
(DVRP) proposed by Choi et al. [11], which has the gen-
eralized formulation of Kara’s VRP model [22] to obtain the
minimum required number of vehicles. However, this can deal
with multiple UASs with a single GS only. The MDVRP
as a variant of the VRP considering multiple GSs can be
described with graph theory. Mission areas are depicted by
a graph, G = (N ,A), and each depot and mission point is
modeled by a node. Sets, ND and NM , represent all depots
and mission points respectively. In our MDVRP model, an
artificial depot node is added for each depot node. A set NA
indicates all artificial depots. Note that a physical depot is
described with two nodes; a depot node and an artificial depot
node. The depot node and the artificial depot node are used to
represent a starting point and an ending point in a route. For
mathematical simplification, we define | · | as the number of
elements of a set. For instance, a graph G includes |M | number
of mission points, M = {0, 1, · · · , |M | − 1}, |D| number of
depots, D = {0, 1, · · · , |D| − 1}, and |A| number of artificial
depots, A = {0, 1, · · · , |A| − 1} = {0, 1, · · · , |D| − 1}. The
set of nodes N and its subsets are defined such that
NM = {0, 1, · · · , |M | − 1}
ND = {|M |, |M |+ 1, · · · , |M |+ |D| − 1}
NA = {|M |+ |D|, |M |+ |D|+ 1, · · · , |M |+ 2|D| − 1}
N = NM ∪ND ∪NA
= {0, 1, · · · , |M |+ 2|D| − 1} = {0, 1, · · · , |N | − 1}
NND = N −ND = NM ∪NA
NNA = N −NA = NM ∪ND.
An arc presents an edge where a vehicle travels from point
A to point B, and the set of arcs A in the graph G
can be expressed by A = {(i, j) : ∀i ∈ NNA, ∀j ∈
NND, and i 6= j}. To connect the mission start/end locations
in the simplified flight network, a set APM = {(i, i + 1) :
∀i is an even number of NM} is defined, which corresponds
the pair of two locations, mission start/end positions. A set
V =
⋃|D|−1
d=0 Vd indicates a fleet of vehicles and Vd rep-
resents vehicles available at a depot d, ∀d ∈ D, such that
Vd = {0, 1, · · · , |Vd|− 1}, and Vdk is each vehicle at a depot
d, ∀d ∈ D, ∀k ∈ Vd. In the equations, a superscript is related
to a depot or a vehicle, and subscripts are associated with
an arc. Each vehicle Vdk has its maximum range Rdk, where
∀d ∈ D, ∀k ∈ Vd. The distance from a node i to another node
j traveled by a vehicle Vdk is defined as Ddkij (∀(i, j) ∈ A,
∀d ∈ D, ∀k ∈ Vd). The mathematical formulation has two
types of design variables: vehicle movements, xdkij , and flight
distances, ydkij , where ∀(i, j) ∈ A, ∀d ∈ D, ∀k ∈ Vd. This
4-index-based formulation that has been used by Salhi et al.
[23] includes starting/ending nodes, originated depots, and a
vehicle type. The vehicle movement design variables, xdkij , are
integer variables. The flight distance variables, ydkij , are real
variables having the total flight distance of a vehicle Vdk,
which flies from a node i to another node j, from a depot
d to the node j along its route.
Based on these definitions, an optimization model for multi-
depot vehicle routing problems for a UAS-based wildfire
monitoring mission in disjoint areas can be written by Eq.
(4)-(16). The objective function, Eq. (4), is the total flight
distance traveled by all vehicles. The constraints, Eq. (5)-
(16), describe the ConOps of a UAS; each mission point is
visited by a UAV exactly once, Eq. (5). Each vehicle departs
from a depot, Eq. (6), and arrive at a depot, Eq. (7). The
number of available vehicles is limited for each depot, Eq.
(8). Each vehicle that departs from a depot should return to
the same depot, Eq. (9). If a vehicle visits a mission point,
it should move to another mission point or a depot, Eq. (10).
Eq. (11) presents that the CPP mission should be conducted.
When a vehicle moves from a point to another point, its total
flight distance increases as much as it flies, Eq. (12), which
provides a subtour elimination. The initial flight distance of
each vehicle is set by Eq. (13). The lower and upper bounds
of flight distance given a vehicle at a specific mission point is
written by Eq. (14) and Eq. (15) respectively. The upper bound
of flight distance of a vehicle returning to a depot is described
by Eq. (16). The overall process of the developed framework
for multi-UAS path-planning for a large-scale disjoint disaster
management is summarized in Algorithm 1.
III. NUMERICAL SIMULATION
In order to create practical wildfire scenarios, we use
historic data of wildfires ignited in the State of California that
is obtained on the website of the California Department of
Algorithm 1 Framework for multi-UAS path-planning for a
large-scale disjoint disaster management
Input: wildfire information, vehicle/GS parameters
Output: optimal routes for each vehicle
PART 1: coverage path planning - [Section II-A]
for each wildfire in wildfires do
Find the convex hull of an area of a wildfire
Find an optimal line-sweep direction
Create grid cells based on its local coordinate system
Build two coverage paths having different scan directions
Update Dubins paths for each turn
Select the shorter path
Extract starting/ending point of the path
end for
PART 2: operational planning - [Section II-B]
Select candidate GSs
Build a flight network based on Dubins paths as an input
for the MDVRP model
Solve the MDVRP - [Eq. (4)-(16)]
Combine the solution of the MDVRP model with coverage
paths
return Optimal routes for each UAV
Forestry and Fire Protection (CAL FIRE 1). Furthermore, it is
assumed that GSs are general aviation airports in CA, and a
UAS platform is the MQ-1 Predator having 1200-km range,
and an airborne sensor is modeled based on Zenmuse X5S
[10].
This paper addresses three wildfire scanning scenarios. The
first scenario describes a path-planning mission to scan a single
wildfire with mutiple GSs. The second scenario is designed
to compare a single-GS problem and a multi-GS problem to
scan multiple wildfires; the GS in a single-GS problem is the
closest airport to the centroid of the polygon created from
centroids of all wildfires while the GSs in a multi-GS problem
are selected by the order of magnitude of the distance from the
starting/ending point of each coverage path. The last scenario
depicts a large-scale problem consisting of statewide wildfires
and GSs. All simulations are executed with Intel R© CoreTM
i7-7700HQ processor and 32-Gb memory. The Gurobi 8.0 is
used as a MIP solver to obtain solutions from the optimization
models.
The mission of the first scenario is to collect aerial images
around the burned area by Thomas Fire, which is fully
contained in January 2018. It had affected Ventura and Santa
Barbara Counties in CA as shown in Fig. 6. For this aerial
imaging mission, it is assumed that four airports are available
as shown in Fig. 7. The coverage path planning module
initially creates the convex hull of the AOI. Next it builds
grid cells in a local reference coordinates presented in Fig.
8, and then creates a scanning trajectory using the BFP. The























































Fig. 9. Route for scanning Thomas Fire
operational planning module solves the MDVRP optimization
model based on the CPP result, which selects the optimal
GS with an optimal path as visualized in 9. The result is
summarized in Table I.
The second scenario has two aerial imaging missions with
disjoint multiple wildfires. The first mission is to observe five
wildfires, which damaged the areas in southern California in
December 2017 as shown in Fig. 10, using a single GS in Fig.
TABLE I
SIMULATION RESULTS OF THOMAS FIRE SCENARIO
Number of Number of Number of Total flight dist.
fires req. GSs req. UAVs (km)






























































(b) Routes for scanning fires
Fig. 11. Wildfires in December 2017 with a single-GS mission
11a. The result requires two UAVs to scan the entire area of
five wildfires as illustrated in Fig 11b. The total flight distance
is 1620.99 km. When considering multiple GSs shown in Fig.
12a for the same mission, the improved routes whose the total
flight distance is 1224.23 km are created as illustrated in Fig.
12b. These results show that the flight distance is reduced by
24.47 % when multiple GSs are contemplated for the same
mission.










































(b) Routes for scanning fires
Fig. 12. Wildfires in December 2017 with a multi-GS scenario
four wildfires which damaged the statewide disjoint area in
California in June 2018 as illustrated in Fig. 13. In a single-
GS case shown in Fig. 14a, two routes whose the total flight
distance is 1926.33 km as depicted in Fig. 14b are created. On
the other hand, in a multi-GS case illustrated in Fig.15a, four
routes whose the total flight distance is 233.04 km as shown
in Fig. 15b, which is reduced by 87.90 % over the single-GS
case, are built. These results of two missions show that for
operational planning of large-scale disjoint areas, the MDVRP
optimization model should be considered to utilize the whole
facilities efficiently. The results of the second scenario are
summarized in Table II.
The third scenario addresses two statewide fire disasters in
both July 2017 and July 2018. The first mission is to sense
ten wildfires in July 2017 while the second one is to scan
twenty two wildfires in July 2018. These scenarios represent
statewide remote sensing missions in fire season in California.
The routes of the first mission in Fig. 16 use eight UAVs and
GSs while the routes for the second one in Fig. 17 requires
sixteen UAVs and GSs to cover all wildfires. The simulation
results are shown in Table III. These results show the MDVRP
optimization model utilizes the whole facilities to minimize
the flight distance which is the objective function of the
model. Furthermore, these results implies that the developed
framework is applicable to practical problems.
IV. CONCLUSION
The UAS-based aerial imaging missions have emerged as
an essential task to manage a disaster management. This paper























































(b) Routes for scanning fires
Fig. 14. Wildfires in June 2018 with a single-GS scenario
particularly for a wildfire mission. The proposed framework
can handle large-scale disjoint wildfires efficiently, considering
all accessible ground stations. The approach proposed in this
paper includes two-level optimal planning: coverage path-








































(b) Routes for scanning fires
Fig. 15. Wildfires in June 2018 with a multi-GS scenario
TABLE II
SIMULATION RESULTS OF THE SECOND MISSION
Date
# of GS # of # of Total flight
fires scen. req. GSs req. UAVs dist. (km)
Dec.
5
single 1 2 1620.99
2017 multiple 2 2 1224.34
June
4
single 1 2 1926.33
2018 multiple 4 4 233.04
provides the low-level path to cover an AOI defined from an
wildfire. The operational planing solves MDVRP optimization
model to select a UAV deployment location and the sequence
of a scanning path. Numerical simulations are conducted to
compare with different GS configurations and representative
wildfire scenarios using historical data. The results show that
the proposed framework provides tangible benefits when mul-
tiple GSs are available and multiple disjoint wildfires happen.
We believe that the potential extension is including an area
decomposition logic either to utilize short-range UAVs or to
sense a huge-scale wildfire to make the more computationally
efficient algorithm. Considering dynamic wildfire cases also




























































Fig. 17. Routes for sensing wildfires in July 2018
TABLE III
SIMULATION RESULTS OF THE STATEWIDE SCENARIOS
Date
# of # of # of Total flight
fires req. GSs req. UAVs dist. (km)
July 2017 10 8 8 1157.71
July 2018 22 16 16 2235.83
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